Abstract: Hotspot residues are important in the determination of protein-protein interactions, and they always perform specific functions in biological processes. The determination of hotspot residues is by the commonly-used method of alanine scanning mutagenesis experiments, which is always costly and time consuming. To address this issue, computational methods have been developed. Most of them are structure based, i.e., using the information of solved protein structures. However, the number of solved protein structures is extremely less than that of sequences. Moreover, almost all of the predictors identified hotspots from the interfaces of protein complexes, seldom from the whole protein sequences. Therefore, determining hotspots from whole protein sequences by sequence information alone is urgent. To address the issue of hotspot predictions from the whole sequences of proteins, we proposed an ensemble system with random projections using statistical physicochemical properties of amino acids. First, an encoding scheme involving sequence profiles of residues and physicochemical properties from the AAindex1 dataset is developed. Then, the random projection technique was adopted to project the encoding instances into a reduced space. Then, several better random projections were obtained by training an IBk classifier based on the training dataset, which were thus applied to the test dataset. The ensemble of random projection classifiers is therefore obtained. Experimental results showed that although the performance of our method is not good enough for real applications of hotspots, it is very promising in the determination of hotspot residues from whole sequences.
Introduction
Hotspot residues contribute a large portion of the binding energy of one protein in complex with another protein [1, 2] , which are always surrounded by residues contributing less binding energy. These are not uniformly distributed for the binding energy of proteins over their interaction surfaces [1] . Hotspots are important in the binding and the stability of protein-protein interactions and thus key to perform specific functions in the protein [3, 4] . Actually, hotspots are difficult to determine. A common determination method is the method of alanine scanning mutagenesis experiments, which identify a hotspot if a change in its binding free energy is larger than a predefined threshold when the residue is mutated to alanine. However, this method is costly and time consuming.
Several databases stored experimental and computational hotspot residues and the details of hotspots' properties. The first database for storing experimental hotspots was the Alanine Scanning Energetics Database (ASEdb) by the use of alanine scanning energetics experiments [5] . Another
Results

Performance of the Hotspot Prediction
In the running of the random projection-based classifier, different random projections in Equation (1) construct different classifiers. After running the classifier 100 times, 100 classifiers with random projections R are formed and trained on the training subset D k tr . As a result, 100 predictions are obtained. All of the classifiers are ranked in terms of the prediction measure F1. The ensemble of several top N classifiers is then tested on the test subset D k ts . In this work, the ASEdb0 is regarded as the training dataset, and the test dataset is BID0; while the predictions on the ASEdb0 dataset are also tested by training on the BID0 dataset. Table 1 shows the performance of the top individual classifiers trained by the ASEdb0 dataset and the prediction performance on the BID0 dataset. The individual classifiers are ranked in terms of the F1 measure in the training process. The top classifiers yield good predictions on the BID0 dataset. It achieves an F1 of 0.109, as well as a precision of 0.069 at a sensitivity of 0.259 in the training process and, therefore, yields an F1 of 0.315, as well as a precision of 0.220 at a sensitivity of 0.558 in the test process. Here, the dimensionality of the original data is reduced from 7072 to only five. Table 2 shows the performance comparison of the ensembles of the top N classifiers. In the classifier ensemble, the majority vote technique was applied to the ensemble, i.e., one residue will be identified as the hotspot if half of the N classifiers predict it to be the hotspot. Here, seven ensembles of the number of top classifiers are listed, i.e., 2, 3, 5, 10, 15, 25 and 50. From Table 2 , it can be seen that the ensemble of the top three classifiers with the majority vote yields a good performance compared with other classifier ensembles. It yields an MCC (Matthews Correlation Coefficient) of 0.428, as well as a precision of 0.245 at a sensitivity of 0.793, for testing on the ASEdb0 dataset by training on the BID0 dataset; and it yields an MCC of 0.601, as well as a precision of 0.440 at a sensitivity of 0.846, for testing on the BID0 dataset by training on the ASEdb0 dataset. The ensemble of the top three classifiers resulted in a dramatic improvement, compared with the top three individual classifiers. The reason for the improvement is most likely in that a suitable random projection makes the classifier more diverse, where the detailed results are not shown here. Previous methods also showed that the ensemble of more diverse classifiers yielded more efficient predictions [30] .
It seems that the more top classifiers the ensemble contains, the worse the ensemble performs. The ensemble with the top 50 classifiers performs the worst both for testing on the ASEdb0 and the BID0 dataset. Therefore, a suitable number of top classifiers can improve the predictions of hotspot residues. Moreover, our method on the BID0 dataset performs better than that on the ASEdb0 dataset, maybe because of the larger ratio of hotspots to the total residues in BID0 (1.831%) than that in ASEdb0 (1.445%). Furthermore, the performance comparison of ensembles with different numbers of reduced instance dimensions by the random projection technique was investigated. The ensembles of random projections with seven reduced dimensions were built, i.e., the dimensions of 1, 2, 5, 10, 20, 50 and 100. The ensemble with the reduced dimension of five performs the best among the seven ensembles, while the ensemble of the top three classifiers with instance dimension of one also performs well in the hotspot predictions for the whole sequences of proteins, which yields an MCC of 0.475, as well as a precision of 0.704 at a sensitivity of 0.328. Table 3 shows the performance comparison of the classifier ensemble with different numbers of reduced dimensions on the BID0 test dataset. Table 3 . Prediction performance of the ensemble of the top 3 classifiers with different reduced instance dimensions on the BID0 test dataset. This study adopted the window length technique to encode input instances of classifiers; however, the sliding window technique makes the performance of the classifier varied. To show which window length makes the classifiers better for a specific type of dataset, several windows with different lengths were investigated. Figure 1 shows the prediction performance on different sliding windows on the BID0 dataset. Among the seven sliding windows, the window with length 13 performs the best, which yields an F1 of 0.579. It should be mentioned here that classifier ensembles with a suitable window length perform better than those with a smaller or bigger length. 
No. Dimension
Comparison with Other Methods
So far, few works identified hotspots from the whole protein sequences by sequence information alone. Some top hotspot predictors did the predictions based on protein structures. Most of hotspot prediction methods predicted hotspots from protein-protein interfaces or from some benchmark datasets, such as ASEdb0 and BID0, which contained approximately the same hotspots and non-hotspots. Therefore, the random predictor is used to compare with our method. The random predictor was run 100 times, and the average performance was calculated. Furthermore, for prediction comparison, the tool of ISIS (Interaction Sites Identified from Sequence) [20] on the PredictProtein server [31] was adopted, which has been applied in hotspot predictions on the dataset of interface residues [20] . ISIS is a machine learning-based method that identified interacting residues from the sequence alone. Similar to our method, although the method was developed using transient protein-protein interfaces from complexes of experimentally-known 3D structures, it only used the sequence and predicted 2D information. In PredictProtein, it predicted a residue as a hotspot if the prediction score of the residue was bigger than 21, otherwise being non-hotspot residues. Since PredictProtein currently cannot process short input sequences less than 17 residues, protein sequences in PDB names "1DDMB" and "2NMBB" were removed from the BID0 test set. We tested all of the sequences of more than 17 residues on the BID0 dataset, and the performance of hotspot predictions on the dataset was obtained. The predictions of ISIS method can be referred to the Supplementary Materials. Table 4 lists the hotspot prediction comparison in detail. Our method developed a random projection ensemble system yielding a final precision of 0.440 at a sensitivity of 0.846 by the use of sequence information only. Results showed that our method outperforms the random predictor. Furthermore, our method outperformed the ISIS method. Actually, ISIS was developed to identify protein-protein interactions. The power of ISIS for the identification of hotspot residues was poor. It can predict nine of 47 real hotspots correctly; however, 2920 non-hotspots were predicted to be hotspots in the BID0 dataset. We also show the performance of classifier ensemble in several measures based on the measure of sensitivity. Figure 2 illustrates the performance of the ensemble classifier with the majority vote for the test set BID0. Although it is very difficult to identify hotspots from the whole protein sequences, our method yields a good result based on sequence information only. 
Case Study of Hotspot Predictions
To show the performance of our method on a single protein chain, hotspot predictions for chain "A" of protein PDB:1DDM are illustrated in Figure 3 . Protein 1DDM is an in vivo complex containing a phosphotyrosine-binding (PTB) domain (chain "A") of the cell fate determinant Numb, which can bind a diverse array of peptide sequences in vitro, and a peptide containing an amino acid sequence "NMSF" derived from the Numb-associated kinase (Nak) (chain "B"). The Numb PTB domain is in complex with the Nak peptide. The chain "A" contains 135 amino acid residues, where only residues E144, I145, C150 and C198 are real hotspot residues in complex with the chain "B" of the protein (which contains 11 amino acid residues; see Figure 3c ). Our method correctly predicted the first three true hotspots, and hotspot residue 198 was predicted as a non-hotspot, while residues 69, 112, 130 and 160 were wrongly predicted as hotspot residues. All of them are located at the surface of the protein structure. The results of ISIS are also illustrated in Figure 3b . The ISIS method cannot identify the four true hotspot residues, although most of the hotspot predictions are located at the surface of the protein. Here, red residues are the hotspots that are predicted correctly; green residues are non-hotspots that are predicted to be hotspots; while yellow ones are real hotspots that are predicted to be non-hotspot residues. All other residues are correctly predicted as non-hotspots.
(a)Prediction of our method. Here, red residues are the hotspots that are predicted correctly; green residues are non-hotspots that are predicted to be hotspots; while yellow ones are real hotspots that are predicted to be non-hotspot residues. All other residues are correctly predicted as non-hotspots.
(b)Predictions of ISIS method. Here, red residues are the hotspots that are predicted correctly; green residues are non-hotspots that are predicted to be hotspots; while yellow ones are real hotspots that are predicted to be non-hotspot residues. All other residues are correctly predicted as non-hotspots. Here, red residues are the hotspots that are predicted correctly; green residues are non-hotspots that are predicted to be hotspots; while yellow ones are real hotspots that are predicted to be non-hotspot residues. All other residues are correctly predicted as non-hotspots.
Materials and Methods
Hot Spot Definitions
As we know, a residue is defined as a hotspot by the change of the binding free energy (∆∆G) higher than a threshold, if mutated to alanine. Several thresholds were adopted in previous works. Many works defined residues as hotspots when their ∆∆Gs are higher than 2.0 kcal/mol, and other residues with ∆∆G from 0-2.0 kcal/mol were defined as non-hotspots [21] [22] [23] . Ofran et al. used another definition that defined residues with ∆∆G above 2.5 kcal/mol as hotspots and those with ∆∆G = 0 kcal/mol (i.e., no change in binding energy) as non-hotspots [20] . Moreover, Tuncbag and colleagues defined hotspots as those with ∆∆G higher than 2.0 kcal/mol and non-hotspots as those with ∆∆G from 0-0.4 kcal/mol [24] . Previous works also investigated several definitions of hotspots [26, 29] . They concluded that different definitions of hotspots and non-hotspots yield different ratios of the number of hotspots to that of non-hotspots and, therefore, change the performances of hotspot prediction methods [26, 29] . In this paper, residues higher than 2.0 kcal/mol are defined as hotspots and all other residues in the whole protein sequences as non-hotspots, no matter if their position is in interfaces, surfaces or any other regions.
Datasets
Since this work addresses the issue of hotspot residue predictions for the whole sequences of proteins, the definitions of hotspot residues are the same as those of the ASEdb and BID datasets, while all of the other residues in the protein sequences are considered as non-hotspot residues.
Two commonly-used benchmark datasets are used in this work. The first dataset is ASEdb [5] . To clean the proteins in ASEdb, protein sequences in the dataset were removed when the sequence identity between any two sequences was higher than 35%. Based on the hotspot definition in this study, we constructed a new ASEdb0 dataset consisting of 58 hotspots from the ASEdb dataset and 3957 non-hotspots of the other residues in whole protein sequences, totaling 4015 residues in our new ASEdb0 dataset.
The BID dataset [6] is the other one used in this work. The dataset was filtered in the same manner as the ASEdb dataset. As a result, we constructed a new BID0 dataset consisting of 54 hotspots from the BID dataset and 2895 non-hotspots from the rest of the residues in the whole protein sequences, totaling 2949 residues in our new BID0 dataset. The data in the two datasets came from different complexes and were mutually exclusive. Table 5 lists the composition of hotspots and non-hotspots. The ratio of the number of hotspots to that of total residues in the dataset.
Feature Encoding Scheme
The AAindex1 database [32] contained 544 numerical indices representing various physicochemical and biochemical properties of amino acids. It collected published indices with a set of 20 numerical values representing different properties of amino acids. It also contained the results of cluster analysis using the correlation coefficient as the distance between two indices. All data were derived from published literature.
The protein sequence profile of one amino acid is a set of 20 numerical values representing the evolution of the amino acid residue, where each value represents the frequency by which residue was mutated into another amino acid residue. It can be used to recognizing remote homologs and plays an important role in protein sequence database search, protein structure/function prediction and phylogenetic analysis. Protein sequence profiles are always obtained by a BLAST (Basic Local Alignment Search Tool) program, such as the commonly-used program of PSI-BLAST (Position-Specific Iterative Basic Local Alignment Search Tool) [33] . Therefore, for the residue R i of one protein sequence, the multiplication MSK j i of the sequence profile SP i of residue R i and one physicochemical amino acid property AAP j can represent the statistical evolution of the amino acid property [34] [35] [36] , j = 1 544, which will be used for encoding residue R i . Our previous work has shown that the standard deviations of the multiplications can reflect the evolutionary variance of the residue R i along with the amino acid property AAP j [29, 34, 35] .
To encode the residue R i in one protein sequence, a sliding window involving residues centered at the residue R i is considered, i.e., several neighboring residues are used to represent the center residue R i . Therefore, a set of winLen × 544 = 7072 numerical values represents the residue R i , where winLen = 13 is the sliding window length in this work. A similar vector representation can be found in our previous work [29, 34, 35] . For the residue R i , it is represented by a 1 × 7072 vector V i , whose corresponding target value T i is 1 or 0, denoting whether the residue is a hotspot or not. Therefore, our method is developed to learn the relationship between input vectors V and the corresponding target array T and tries to make its output Y = f (V) as close to the target T as possible.
IBk Classifier Ensemble by the Random Mapping Technique
The random projection technique can be traced back to the work done by Ritter and Kohonen [37] , which reduced the dimensionality of the representations of the word contexts by replacing each dimension of the original space by a random direction in a smaller-dimensional space. From the literature [37, 38] , it seems surprising that random mapping can reduce the dimensionality of the data in a manner that preserves enough structure of the original dataset to be useful. Kaski used both analytical and empirical evidence to explain the reason why the random mapping method worked well in high-dimensional spaces [39] .
Given the original data, X ∈ N×L1 , let the linear random projection be the multiplication of the original instances by a random matrix R ∈ L1×L2 , where the element in the matrix ranges from 0-1. The matrix R is composed of random elements, and each column has been normalized to unity. The projection:
yields a dimensionality-reduced instance X R ∈ N×L2 from dimension L1 to L2, where x i is the i-th sample of the original data, r i is the i-th column of the random matrix and L2 L1. In Equation (1), each original instance with dimension L1 has been replaced by a random, non-orthogonal direction L2 in the reduced-dimensional space [39] . Therefore, the dimensionality of the original instance is reduced from 7072 to a rather small value.
The dimension-reduced instances are then input into the classifier with the IBk algorithm. The IBk algorithm, implementing the k-nearest neighbor algorithm, is a type of instance-based learning, where the function is only approximated locally, and all computations are deferred until classification. The simplest of the IBk algorithms among machine learning algorithms was adopted since we want to ensemble diverse classifiers and expect to yield good results. Previous results showed that the generalization error caused by one classifier can be compensated by other classifiers; therefore, the ensemble of some diverse classifiers can yield significant improvement [40] .
In the hotspot prediction, the multiplication of the k-th random projection R k on the original instances (X, Y) forms a set of instances D k = {(X again. The training process retains the top classifiers on some random projections, and in the test process, they are applied to test the test dataset D k ts . After running random projection 100 times, top classifiers in the F1 measure are retained for testing the test dataset D k ts . The ensemble of top classifiers yields the final predictions. The mjority vote technique was always used in classifier ensemble and often made a dramatic improvement [41] . Here, a residue is predicted as a hotspot if half of the classifiers identified it as positive Class 1, otherwise it is a non-hotspot residue.
Moreover, since the hotspot dataset is extremely imbalanced, containing only 1.4% of hotspots, balancing the dataset is necessary to avoid the overfitting of the classifier. Therefor, the training dataset D k−tr tr is resampled and then consists of positive instances and negative instances with roughly the same number. The ensemble system can be seen i Figure 4 . 
Hot Spot Prediction Evaluation
To evaluate hotspot predictions, in this work, we adopted four evaluation measures to show the ability of our model objectively. They are the criteria of sensitivity (Sen), precision (Prec), F-measure (F1) and Matthews correlation coefficient (MCC) [34, 42] 
where TP (true positive) is the number of correctly-predicted hotspot residues; FP (false positive) is the number of false positives (incorrectly over-predicted non-hotspot residues); TN (true negative) is the number of correctly-predicted non-hotspot residues; and FN (false negative) is false negative, i.e., incorrectly under-predicted hotspot residues.
Conclusions
This paper proposes an ensemble method based on the random projection technique that predicts hotspots from the whole sequences of proteins, using physicochemical characteristics of amino acids. The classifier system involves an encoding scheme integrating sequence profiles of residues and statistical physicochemical properties of amino acids from the AAindex1 dataset. Then, the random projection technique was adopted to obtain a reduced input space for the original input instances, but retaining the structure of the original space. Several top classifiers are obtained after the use of random projections. The ensemble of the top classifiers is therefore constructed. The classifier with random projection ran 50 times, and 50 classifiers were sorted in the F1 measure in the training step. Applying the 50 classifiers to the test dataset yielded the final hotspot predictions. Results showed that the ensemble of the top three classifiers yields better performance in hotspot predictions. Moreover, random projections with different reduced dimensions were investigated, and the projection with the dimension of five performs the best. To select the most effective sliding window, several sliding windows were investigated for encoding instances, and a window with a length of 13 was chosen finally, which performed the best among the eight windows. It is suggested that our method is promising in computational hotspot prediction for the whole protein sequence.
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